[1] Soil erosion models are usually limited in their application to the field scale; however, the management of land resources requires information at the regional scale. Large-scale physically based land surface schemes (LSS) provide estimates of regional scale hydrologic processes that contribute to erosion. If scaling issues are adequately addressed, coupling an LSS to a physically based erosion model can provide a tool to study the regional impact of soil erosion. A coupling scheme was developed using the Variable Infiltration Capacity (VIC) model to produce hydrologic inputs for the stand-alone Water Erosion Prediction Project-Hillslope Erosion (WEPP-HE) program, accounting for both temporal and spatial scaling issues. Precipitation events were disaggregated from daily to hourly and used with the VIC model to generate hydrologic fluxes. Slope profiles were downscaled from 30 arc second to 30 m hillslopes. Additionally, soil texture and erodibility were adjusted with simplified assumptions based on the full WEPP model. Soil erosion at the large scale was represented on a VIC model grid cell basis by applying WEPP-HE to subsamples of 30 m hillslopes. On an average annual basis, results showed that the coupled model was comparable with full WEPP model predictions. On an event basis, the coupled model system captured more small erosion events, with erodibility adjustments of the same magnitude as from the full WEPP model simulations. Differences in results can be attributed to discrepancies in hydrologic data calculations and simplified assumptions in vegetation and soil erodibility. Overall, the coupled model demonstrated the feasibility of erosion prediction for large river basins. 
Introduction
[2] Soil erosion is a major concern for resource and environmental management as it is a continuing problem that reduces soil quality and field productivity. This in turn degrades water quality, local quality of life, and poses a major challenge for sustainable development. Soil loss by water detachment and transport is one of the major causes of erosion. In order for soil erosion potentials to influence regional planning and decision making, tools that can be used to study the effects of climate and land use change must be available for large areas such as counties, states, and river basins, because many policy-and resource managementrelated issues must be addressed at such scales.
[3] Most existing erosion models have been developed based on analysis of field experiments from erosion plots. A subset of these include empirically based models such as the Universal Soil Loss Equation (USLE) [Wischmeier and Smith, 1978] and its modified versions, which were designed to support soil conservation planning and generally provide information on average annual soil loss. These models are simple in form and computational requirements, but some of the shortcomings of USLE include as follows: it cannot estimate sediment deposition or delivery from fields to channels or streams; limited representation of spatial heterogeneity of catchment inputs and characteristics such as rainfall, soil types, and land use; and it is not event responsive [Kandel et al., 2004] . MUSLE [Williams and Berndt, 1977] improved event rainfall estimation and is used to predict catchment soil loss, including as a component in the Soil and Water Assessment Tool (SWAT) model [Arnold et al., 1998 ], but is ill suited for the estimation of snowmelt erosivity and soil erodibility when the soil is frozen [Renard et al., 1997] .
[4] Since empirically based models, such as USLE, require new parameters for changing conditions, there has been a trend to develop process-based erosion models [Nearing et al., 1990] . Examples of such models include the Aerial Non-Point Source Watershed Environment Response Simulations (ANSWERS) [Beasley et al., 1980] , the Chemicals, Runoff and Erosion from Agricultural Management Systems (CREAMS) model [Knisel, 1991] , and the Water Erosion Prediction Project (WEPP) model [Flanagan and Nearing, 1995] . The WEPP model, in particular, is a continuous simulation computer model that predicts soil loss and deposition rather than simply gross soil loss. Since the WEPP model was originally designed to predict soil erosion at field scales, larger domains must be divided into multiple representative hillslopes, such as with GeoWEPP [Renschler, 2003] .
[5] A number of watershed-scale erosion models have been developed [e.g., Arnold et al., 1998; Leonard et al., 1987; Williams et al., 1985] , many of which are based on USLE and its derivatives, which limit their usefulness for projecting hydrologic responses to land use and climate change. More dynamic process and physically based watershed-scale models including the European Soil Erosion Model (EUROSEM) [Morgan et al., 1998 ] and the erosion algorithms within the Distributed Hydrology-Soil-Vegetation Model (DHSVM) [Wigmosta et al., 1994] are being developed. Many of these, however, are still designed for application to model grids with resolutions in hundreds of meters.
[6] Large-scale (i.e., catchment or larger) hydrology models such as the Variable Infiltration Capacity (VIC) model [Liang et al., 1994] and the System Hydrologique European (MIKE-SHE) model [Refsgaard and Storm, 1995] are capable of simulating land surface hydrologic processes from large river basins up to global scales using readily available data sets of climate, soil characteristics, and land use. Most of these models contain no method by which to estimate soil loss. They do, however, simulate the variables required for soil erosion estimation and, therefore, could be linked to existing process-based erosion models to provide soil loss estimates.
[7] Linking models of such different temporal and spatial scales raises many concerns. This is especially true in the mismatch between the small spatial and temporal scales at which soil erosion data collection and model conceptualization occurs and the large spatial and temporal scales of most intended model applications [Renschler, 2003] . Though it is very difficult to scale a complex ensemble of parameters and modes to corresponding process scales, it is feasible to identify a few scalable parameters within the set of erosion processes to reduce the scale uncertainty [Pecknold et al., 1997] .
[8] In light of the need for erosion control and management at regional scales, the main purpose of this study was to develop a scheme to couple the field-scale WEPP model to the large-scale VIC model to produce a coupled model system that is capable of estimating soil erosion over thousands of square kilometers. The strategies and mechanisms of coupling these two models are discussed in this paper. This includes the modification of input data and rescaling processes associated with the scheme and details of what data are passed between the models. Finally, soil loss predictions from the coupled model system were evaluated against those from the full WEPP model at selected locations to assess how well represented soil erosion processes were in the coupled model compared to the full model.
Model Description

WEPP Model
[9] The WEPP model is a continuous process-based simulation model developed by the U.S. Department of Agriculture-Agricultural Research Service (USDA-ARS). It is based on the fundamentals of hydrology, erosion mechanics, plant growth, and open channel hydraulics [Flanagan and Nearing, 1995] . The model uses observed or stochastically generated climate data from its embedded random climate generator (CLIGEN) to drive the hydrology algorithms. The WEPP model partitions soil erosion into interrill and rill erosion. A detailed description of the WEPP model and summary of important model components can be found in the work of Flanagan and Nearing [1995] .
[10] The WEPP model has been evaluated using the same 1600 plot-years of data from the same agricultural research sites that were originally used to derive the USLE/RUSLE data set [Tiwari et al., 2000] . Without calibration, the WEPP model predictions of soil losses were found to be comparable to those calculated using both USLE and RUSLE. The Nash and Sutcliffe [1970] model efficiency for average annual soil loss was 0.71 for WEPP, 0.72 for RUSLE, and 0.80 for USLE. This indicates that the WEPP model can be used to predict long-term average annual soil loss without any site-specific calibration (as compared to USLE and RUSLE empirical equations, whose parameters are derived in part from the plot runoff data set).
[11] As part of the ongoing effort to combine WEPP with the Wind Erosion Prediction System (WEPS) model [Hagen et al., 1996] , a stand-alone WEPP-Hillslope Erosion (WEPP-HE) code has been extracted from the full WEPP model v2004.7 and verified against simulations using the original model [Flanagan et al., 2005] . This WEPP-HE program does not include the routines that generate weather or soil and vegetation parameters and can be executed alone with reduced input requirements as compared to the full version. The program does produce soil loss and sediment yields for a hillslope from a single storm event and provides the core soil erosion prediction component for the developed coupling scheme.
The VIC Model
[12] The Variable Infiltration Capacity (VIC) model version 4.1.0.r3 [Cherkauer and Lettenmaier, 1999; Liang et al., 1994 Liang et al., , 1996 is a large-scale hydrologic model that solves a full energy and water balance on a grid mesh basis. The land surface within a grid cell is described by a variable number of land cover classes using a mosaic scheme. The model uses the variable infiltration curve to represent subgrid variability in soil properties and, thus, represent the variability of soil moisture and infiltration. Readers are referred to the work of Liang et al. [1994] for more details of the basic model and to the works of Cherkauer and Lettenmaier [1999] and Cherkauer et al. [2003] for details of the representation of snow and soil frost.
[13] The VIC model has been refined and implemented on a number of large-scale river basins at spatial resolutions ranging from 1/8°to 2°under various climate conditions [Abdulla et al., 1996; Cherkauer and Lettenmaier, 1999; Matheussen et al., 2000; Nijssen et al., 1997] . Tests of the VIC model at multiple locations, including a prairie grassland site in central Kansas [Liang et al., 1994] , forested watersheds in the Pacific Northwest [Matheussen et al., 2000] , and a high-latitude wooded grassland in northern Scandinavia , have yielded consistently favorable comparisons between simulated and observed surface fluxes. Large-scale hydrologic models have also been widely used to study hydrologic fluxes due to land use and climate change at regional scales [Bonan, 1997; Copeland et al., 1996; Greene et al., 1999; Hendersen-Sellers et al., 1993] .
Coupling Scheme
[14] One way to build models capable of simulating complex natural systems is to integrate process-based submodels into a coupled structure. The WEPP-HE model can provide reasonable predictions of erosion from hillslopes with little or no calibration, while the VIC model can predict large-scale water and energy fluxes for diverse spatial domains using readily available data sets for parameterization and simulation. Using the hydrologic fluxes estimated with the VIC model, WEPP-HE could be applied to representative hillslopes within a VIC model grid cell to produce estimates of soil loss.
[15] The WEPP-HE model operates over a hillslope (∼10-100 m), while the VIC model operates at a grid cell resolution of at least 1/8°(∼10-15 km) latitude and longitude that encompasses many watersheds and hillslopes. A conceptual coupling scheme was developed based on the data requirements of both the VIC and WEPP-HE models (Figure 1 ). The WEPP-HE model simulates hillslope erosion from a single storm event. It requires runoff characteristics, slope profiles, erodibility adjustments, and soil data to operate. The runoff characteristics can be generated from the VIC model; slope profiles can be obtained from digital elevation models (DEM); erodibility adjustments can be estimated from the WEPP model algorithms integrated into the modeling scheme; and soil data can be extracted from the VIC model soil data set. These inputs are then used to run the WEPP-HE program to generate daily soil erosion for selected hillslopes and vegetation types within a VIC model grid cell. Since soil losses are estimated based on sampled hillslopes and detailed routing of sediment into channels within a VIC model grid cell is not a focus in this study, channel erosion processes are neglected. These steps are discussed in greater detail in the following sections.
Rainfall Disaggregation
[16] The time scales relevant to soil erosion processes are short, with near instantaneous rainfall intensity being important for infiltration excess runoff and soil erosion [Kandel et al., 2004] . Process-based surface erosion modeling requires fine-resolution precipitation data. Hydrometeorological data are, however, more commonly available at coarser time scales (e.g., daily). Kandel et al. [2004] also noted that time scale differences between the physical erosion processes and model time steps can often lead to poor model performance, since runoff generation and erosion processes are strongly affected by the intensity and duration of precipitation owing to highly nonlinear processes.
[17] The VIC model operates from daily to hourly time steps. If daily precipitation is provided and a subdaily time step is selected, the VIC model will uniformly distribute daily rainfall amounts into subdaily time steps, resulting in lowintensity rainfall and runoff estimates that are not suitable for erosion prediction. In addition, the VIC model is not structurally capable of running the subhourly time steps more common to erosion models such as the WEPP model. To preserve actual rainfall patterns and calculate surface runoff without major changes to the VIC model structure, daily rainfall must be disaggregated to variable hourly rainfall prior to simulation.
[18] There are a number of rainfall disaggregation models, yet there is no general agreement amongst researchers as to which distribution model is preferred [Kandel et al., 2004] . The WEPP model includes a stochastic climate generator (CLIGEN) [Nicks et al., 1995] , which produces daily estimates of precipitation, temperature, dew point, wind, and solar radiation for a single geographic point. These estimates are based on monthly statistics (e.g., monthly mean, standard deviation, and skewness) derived from historical measurements at several thousand U.S. locations, including stations run by the U.S. National Weather Service and the U.S. Forest Service. Among the commonly used weather generators, CLIGEN is the only one that generates detailed storm parameters such as storm duration, time to peak, and peak intensity [Zhang and Garbrecht, 2003] .
[19] Flanagan et al. [1987] studied the influence of storm patterns on runoff and erosion using a programmable rainfall simulator and suggested that all patterns could be described fairly well by a double exponential function. The WEPP model subroutine, DISAG, was used to fit a double exponential function to daily precipitation and generate hourly precipitation intensity ( Figure 2 ). This differs from its use within the WEPP model where it is used to generate precipitation intensity between breakpoints, which are defined as where the slope of the rainfall time series curve changes abruptly, resulting in time step blocks that are not necessarily of equal duration. In most cases, this means that precipitation duration is longer and intensity is less than what is fed into the WEPP model directly by CLIGEN using the same source data.
[20] For use with the VIC model, monthly precipitation statistics were downloaded from the National Soil Erosion Research Laboratory (NSERL) (2008), then monthly statistics were regridded to each VIC model grid cell using the method of Maurer et al. [2002] . Given the daily precipitation time series and the monthly meteorological statistics for a selected grid cell, storm pattern information parameters could be produced from CLIGEN. This preserves the daily rainfall totals from the gridded meteorological forcing file, while generating the additional information on rainfall duration, relative time to peak rainfall and relative peak rainfall intensity required for soil erosion estimation. Finally, the DISAG routine was used to generate rainfall for each VIC model time step. The VIC model then uses the hourly precipitation data and original daily temperature extremes and wind speed data to calculate water and energy fluxes. This results in unique daily storm precipitation patterns for each grid cell, while the movement of storms across the study domain on a daily basis is controlled by the daily precipitation totals in the gridded meteorology data.
Hydrologic Input Calculations
[21] The WEPP-HE program needs five hydrologic input parameters to calculate soil erosion from a hillslope: (1) runoff depth (m), (2) peak runoff rate (m/s), (3) effective runoff duration (s), (4) effective rainfall intensity (m/s), and (5) effective rainfall duration (s) ( Table 1) . Total runoff depth is calculated as the sum of hourly runoff from the VIC model output. Peak runoff rate is computed from the VIC model runoff amount using an approximation of the kinematic wave model used within the WEPP model [Flanagan and Nearing, 1995] . Effective runoff duration is calculated using the ratio between total runoff and peak runoff. Effective rainfall intensity is calculated as the product of hourly rainfall intensity multiplied by rainfall duration, and then the total summation is divided by the effective rainfall duration when there is excess rainfall. For all parameters, it was assumed that there was only one continuous storm per day per grid cell.
[22] The VIC model calculates runoff using the variable infiltration capacity curve, which is an empirical representation of the spatial variability of soil moisture within a VIC model grid cell. Since VIC model grid cells are typically large (135-140 km 2 for this application), there is always a fraction of the grid cell that is saturated. This resulted in runoff being generated every time precipitation occurs; this in turn produced a substantial overestimation of soil loss in early simulations. The full WEPP model generates runoff only when the rainfall rate exceeded the hillslope infiltration rate, so erosion predictions were limited to larger rainfall events. Theoretically, the VIC model runoff response when the saturated area is small can be assumed to be due to the early saturation of relatively flat, low-lying areas, such as stream channels and floodplains, within a large-grid cell. Such areas are unlikely to be a major source of erosion, and when modeled using the full WEPP model, they are more commonly soil deposition sites. Tests found that for identical precipitation the WEPP model predicted runoff only when the fraction of saturated area in the VIC model was greater than 7.5%. Therefore, runoff generated by the VIC model under drier conditions, such that the saturated area was lower than this threshold, was not passed to the WEPP-HE algorithm for erosion estimation. This minimized the number of small runoff events used for the estimation of soil erosion and Figure 2 . Conceptual schematic of the rainfall disaggregation processes that produces hourly storm precipitation from gridded observed daily precipitation. Time to produce a total runoff volume equal to that given by a hydrograph with a constant runoff rate equal to the peak runoff rate Effective rainfall intensity (m/s) Integration of rainfall intensity over the effective rainfall duration Effective rainfall duration (s)
Total time during which the rainfall rate exceeds the infiltration rate resulted in more comparable erosion estimates between the models.
Spatial Downscaling of the Slope Profile
[23] The VIC model typically operates on grid cells with spatial resolutions of hundreds to thousands of square kilometers, while the WEPP model is designed to simulate erosion processes at field and hillslope scales of hundreds of square meters. Coupling the two models must clearly account for discrepancies in spatial scale, particularly in the slope profiles (slope gradient and slope length) used for the erosion estimate. WEPP has been shown to overpredict erosion for slope lengths longer than 100 m [Baffaut et al., 1997] ; thus, it usually assumes that hillslopes range from 10 to 100 m in length. Currently, the finest spatial resolution typically used for a VIC model grid cell is 1/8°latitude by longitude (∼10-15 km), which is too coarse for direct application of the WEPP model. Elevation, vegetation, and soil data are usually aggregated from globally available 30 arc second (∼1 km) source data for use in the VIC model, so from the original data set there are around 225 digital elevation model (DEM) pixels within each 1/8°VIC model grid cell. These slopes are still too coarse for acceptable application of the WEPP model. Thirty arc second DEMs are the most commonly available globally, easiest to handle for large spatial domains, and commonly used for setting up large-scale models, such as the VIC model. However, largescale erosion model applications will still require a way to estimate the slope distributions that would be obtained from finer resolution DEMs.
[24] A number of authors have demonstrated that the topography generally exhibits fractal characteristics [Huang and Turcotte, 1989; Klinkenberg and Goodchild, 1992; Xu et al., 1993] . This means that a link exists between the observed topography and the scale of observation. Zhang et al. [1999] demonstrated that topography represented by a DEM is a function of the pixel size and that the scale of the slope gradient is linked with the fractal dimension of the topography. Bowling et al. [2004] used a monofractal scaling method to estimate 50 m resolution slopes using a 30 arc second resolution DEM for a blowing snow sublimation study in Alaska. Simple monofractal scaling is expressed as
where h is the order of the moment; l is the scale; is the scaling constant, equal to 2 minus the fractal dimension D; Z i is the coarse resolution topography; and Z l is the rescaled fine scale topography. The surface fractal dimension D, spanning the region by one grid cell, is calculated using the variogram technique described by Xu et al. [1993] on all coarse resolution elevation pairs within a single VIC model grid cell. Bowling et al. [2004] concluded that a simple monofractal scaling method was appropriate for recovering fine-resolution slope variance from a coarse DEM for use in estimating blowing snow, another process similar to erosion, that is dependent on the slope profile.
[25] To evaluate the results of the monofractal rescaling method, slopes derived from the 30 arc second DEM were rescaled to represent actual 30 m DEM derived slopes for a single VIC grid cell. The resulting distribution was evaluated versus the slope distribution obtained from a 30 m resolution DEM for the same area. There were 187,489 30 m hillslopes within the test area, with slopes ranging from 0 to 10.66%, a mean of 0.70%, and a median of 0.34%, and standard deviation of 0.99%. The 225 original slopes derived from the 30 arc second DEM ranged from 0.04% to 0.59%, with standard deviation of 0.09%. Rescaling the hillslope distribution using the monofractal method increased the slope range to 0.24%-3.20%, with a mean and median of about 1.31% and standard deviation of 0.50%. The cumulative distribution functions of the actual 30 m slopes, rescaled 30 arc second slopes, and sampled 30 arc second slopes are compared in Figure 3 . Rescaling the 30 arc second slope distributions resulted in a better representation of the actual 30 m slope distributions than the original 30 arc second slopes.
[26] Monofractal rescaling was applied to the entire study domain, though only a single watershed is presented in Figure 4 . The original 30 arc second slopes (Figure 4b ) within the sampled region ranged from 0 to 4%, while the rescaled 30 arc second slopes to represent 30 m slopes (Figure 4c ) increased the maximum represented slope to more than 40%, with the greatest increases in areas with the most complex terrain, such as near river channels (dark areas in Figure 4a ) that were not well represented in the original 30 arc second DEM.
Soil Characteristics
[27] Soil data for the VIC model are generated from a gridded soil data set of the conterminous United States (CONUS-SOIL) [Miller and White, 1998 ], which in turn is based on the State Soil Geographic (STATSGO) Data Base. These data are aggregated to the resolution of a VIC grid cell and its three primary soil layers, as described by Maurer et al. [2002] , but have had additional soil parameters included for application of the soil frost algorithm [Mao and Cherkauer, 2009] . Therefore, there is no spatial variability in soil parameters within a VIC model grid cell, but soil properties do vary between grid cells. [28] The WEPP-HE program requires additional soil characteristic inputs not typically used by the VIC model including baseline erodibility, soil particle size classes, size class specific gravity, and fraction of sediment, diameter, and organic matter. Each of these parameters required special handling. Organic matter content was the easiest and was simply added to the list of soil parameters extracted from CONUS-SOIL. Baseline interrill erodibility (K i ), a measure of sediment delivery rate to rills as a function of rainfall intensity and runoff rate; rill erodibility (K r ), a measure of soil susceptibility to detachment by concentrated flow, often defined as the increase in soil detachment per unit increase in shear stress of clear water flow; and critical shear stress (t c ), which is the shear stress below which no soil detachment occurs, were estimated from the soil characteristics based on empirical equations [Elliot et al., 1989] , as described in the work of Flanagan and Nearing [1995] . Because the focus of the study is on soil erosion, which occurs at the topsoil layer, the contents of sand, silt, clay, and organic matter at the topmost soil layer (10 cm) were extracted for each VIC model grid cell and processed using a WEPP model subroutine that calculates the size distribution and sediment composition of the soil based on the method described by Foster et al. [1985] .
Erodibility Adjustments
[29] Baseline values of soil erodibility and shear stress obtained from the previous section must be adjusted for environmental factors that influence the resistance of soil to detachment. Such factors include ground cover, canopy effects, live and dead root biomass, residue, and soil freeze and thaw. Many of those parameters are not used in the VIC model but are generated by the full WEPP model, so a methodology was developed to obtain estimates of these parameters for use with the coupled model simulations. This involved running the full WEPP model for different vegetation types (forest, wooded grassland, prairie grassland, and corn with fall chisel plow practice), assuming that ground cover, root biomass, and residues do not vary much between years. Parameter adjustments were exported from the model and general seasonal values were identified. These seasonal parameters were then incorporated into the WEPP model algorithms that estimate the adjustment factors to produce seasonal values for each vegetation type and a selection of rainfall amounts and slope gradients. These values were tabulated and applied in the coupled model framework by interpolating to actual values of rainfall, slope gradient, and day of year.
[30] Adjustment factors must also be modified for the effects of soil freeze-thaw between the time a frozen soil thaws until it dries to a water content of less than 1/3 bar [Flanagan and Nearing, 1995] . Within the WEPP model, the interrill adjustment is a function of soil matrix potential and the number of freeze-thaw cycles in the preceding cold season. Using the method of Sinha and Cherkauer [2008] , the number of soil freeze and thaw cycles for the period from October to May was determined using soil temperatures at a depth of 10 cm and used in the estimation of the interrill adjustment factor.
Hillslope Erosion and Slope Sampling
[31] In initial simulations, all hydrologic inputs, vegetation, soil textures, and erodibility adjustments were used to Thompson et al. [2006] suggested that stratified random sampling based on delineated hillslope units can significantly reduce the number of samples needed to estimate average soil moisture while minimizing estimation error. A similar method was applied to the set of hillslopes within a VIC model grid cell to minimize computation times for soil erosion without introducing significant errors. First, a distribution of slope gradients is developed for all hillslopes in a VIC model grid cell. The distribution is then stratified to group hillslopes into relatively homogenous subgroups/bins (e.g., with similar slope gradient ranges). Finally, hillslope samples are extracted randomly but proportionally from each bin based on the ratio of hillslopes in that bin to the total number of hillslopes. To account for variations in vegetation cover, each bin of hillslopes is divided proportionally by the fractional coverage area of hillslope vegetation. This reduces WEPP-HE applications while maintaining the range of potential erosion events within the grid cell. Erosion from each hillslope is the sum of erosion from that slope range for each vegetation type multiplied by the fractional vegetation cover within the hillslope. Total erosion for the grid cell is the sum of erosion from each hillslope multiplied by its fractional area within the VIC grid cell.
[32] Simulations using the full WEPP model were conducted using a variety of slopes and vegetation cover types to determine the best combination of slope ranges to minimize sampling ( Figure 5 ). On the basis of this analysis, slopes were grouped into ranges of 0-1%, 1%-5%, 5%-10%, 10%-20%, and above 20% for all grid cells. The actual number of bins used for any given VIC model grid cell varies based on the range of slopes within that grid cell.
[33] An evaluation of the stratified sampling scheme was conducted at two sites with soil erosion predicted using all 225 rescaled 30 arc second slopes versus erosion estimated using the stratified random sampling method ( Table 2) . The stratified random sampled slopes were calculated using 50 randomly sampled slopes. The average annual soil losses predicted by both methods were comparable at both sites. This suggests that stratified random sampling can be used to reduce the number of slopes to which the WEPP-HE is actually applied and that erosion predictions are similar to those using all rescaled slopes as was suggested by Park and Van de Giesen [2004] and Thompson et al. [2006] .
Synopsis of the Coupling Scheme
[34] Details of the model coupling scheme are illustrated in Figure 6 . Climate forcing, vegetation, and soil data developed for each VIC model grid cell are used directly as inputs to WEPP-HE, while elevation data are processed separately to develop elevation data for the VIC model and slope data for WEPP-HE. First, daily climate forcing data are disaggregated into hourly rainfall and used together with vegetation and soil Figure 5 . Annual average (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) soil losses calculated using the WEPP model for different slopes and vegetation types. Black vertical lines mark divisions between slope ranges that were selected to minimize erosion variability within the bins. 
Assumptions Made for the Coupled Modeling Scheme
[35] Overall, the coupled modeling scheme relies on several assumptions that may affect the predicted erosion results, these include as follows:
[36] • Erosion occurs along a uniform hillslope. A concave-, convex-, or complex-shaped hillslope may yield different erosion results than the simple uniform slope.
[37] • There is no run-on to any hillslope nor is there any runoff to the next hillslope. Each hillslope stands alone, without connections between adjacent slopes. So channel sediment transport and channel erosion are neglected in the coupled model.
[38] • Soil erodibility adjustments are made based on ground cover, root biomass, roughness, and residue conditions from the WEPP model sample simulations. They are assumed to follow the same pattern from year to year for a particular vegetation management practice. A change in crop management practice or a change in land cover type will affect soil adjustment parameters automatically.
[39] • For the soil erodibility adjustment, soil bulk density, and porosity are assumed to be constant throughout the process, which is consistent with the VIC model. However, the WEPP model adjusts soil bulk density according to tillage disturbances, which eventually affects soil porosity and soil matrix potential used for the calculation of soil freeze-thaw erodibility adjustments. Thus, this assumption may reduce the accuracy of soil erodibility adjustments. watersheds of the Pomme de Terre (HUC 07020002) and Le Sueur (HUC 07020011) rivers, respectively. These sites were selected because they both have long records of soil temperatures available from the National Snow and Ice Data Center (NSIDC), and one of them, Morris, was one of the plot sites on which the WEPP model was originally developed. Each site was represented using a single VIC grid cell resulting in a point simulation. Coupled model simulations were run for those cells using three common land use types from the region: forest, prairie grassland, and fall chisel plow tillage corn (cropland) for a 20 year period . Both locations have silt loam soils. Annual precipitation for Morris and Waseca was 637 and 831 mm, respectively. Morris can be considered a relatively dry site and Waseca is relatively wet. Since corn was the predominant crop in this region, it was used to define the type of crop in both models. Crop management, a factor used to determine soil erodibility, was set to fall chisel plow, as it is the major operational tillage practice in the region [Randell et al., 1996] . Climate data were obtained from Maurer et al. [2002] and contains daily precipitation, maximum and minimum air temperature, and wind speed for each 1/8°VIC model cell. Daily precipitation data were disaggregated into hourly values using the method described in section 3.1, while temperature and wind speed variables were kept the same as those in the original data set.
Model Evaluation
[41] The selected time period covers both dry and wet years over two decades, which are representative of regional climate variability. Soil data used in the model has been described in section 3.4. Three soil layers were used in the VIC model, with depths initially set to 0.1, 0.6, and 1.0 m from top to bottom, respectively. Slopes within each grid cell were derived from the 30 arc second DEM using ArcGIS spatial analysis tools and then downscaled to 30 m representative slopes using the method discussed in section 3.3. Three simulations were run at each location with different vegetation types covering 100% of the grid cell. To estimate the sensitivity of the coupled modeling scheme, only soil and climate inputs were varied between locations. Slope profile statistics for these two sites are provided in Table 3 , while the distribution of slopes is shown in Figure 8 .
[42] To make sure that the coupled modeling system produced reasonable hydrologic fluxes, ratios of runoff to precipitation (runoff ratio) were compared between those estimated by the coupled model and observed runoff ratios for the respective watersheds. Observed runoff ratios were based on U.S. Geological Survey (USGS) gauging station records from the watersheds containing each study site and observed precipitation obtained from National Climate Data Center (NCDC) data. The simulated runoff ratio was calculated by dividing runoff and base flow from the point simulation by precipitation for that grid cell. Table 4 suggests that simulated runoff/precipitation ratio matched well with the observed values of the watershed, so it was accepted that the coupled model was adequately calibrated for the evaluation process.
[43] Additionally, long-term simulations were used to evaluate the return period of predicted runoff and soil loss estimates between the coupled model and the full WEPP model. Runoff dynamics from the models were captured using daily total runoff, peak runoff, and effective rainfall intensity, while soil loss was estimated using cropland simulations. The return period (in years) was calculated by ranking the daily simulation results of each model, from highest to lowest, divided by the number of observations to estimate exceedence probability, and inverting the probability to obtain return period in years. Results for significant return periods at two study sites, Morris and Waseca, MN are shown in Figure 9 . For the same return period, the magnitude of runoff, peak runoff, and effective intensity estimated by the coupled model were less than the full WEPP model (Figures 9a, 9b, and 9c ). This clearly demonstrates how the use of hourly precipitation data that overestimates precipitation duration and underestimates peak rainfall intensities reduces runoff peak and amount versus the full WEPP model. Despite the difference in runoff generation soil loss predictions by the two models were comparable in most of the return periods (Figure 9d) .
[44] To evaluate the soil erosion predictions of the coupled model system, simulated annual soil losses were first compared to measured data. As noted previously, the WEPP model has been validated against observed data at the Morris, MN site [Tiwari et al., 2000] . Data was available for four plots and extended from 1961 to 1971 for a total of 40 plotyears. Plot sites were managed using four strategies: fallow, Runoff over precipitation. Observed runoff ratios were calculated from USGS gauged streamflow records and spatially distributed precipitation data over the watersheds where evaluation sites were located. Simulated data were derived from the coupled model precipitation and total runoff for the VIC model grid cell containing each evaluation site. corn, oats, and hay; so the observed results are for a mixture of conditions. The coupled modeling system was used to simulate soil erosion from the same period under the fall chisel plow tillage management practices, as it is unable to implement the annual changes in specific management strategies. The slope gradient of the observed site was 6%, which is about the same as the median slope used in the coupled model simulation (5.69%). Simulated annual average soil loss from the coupled model was 8.16 t/ha, which is less than observed (11.8 t/ha). A simulation using the full WEPP model (version 1998.4) with detailed changes in annual management practices resulted in soil loss estimates of 10.3 t/ha [Tiwari et al., 2000] . Tiwari et al. [2000] also reported a Nash-Sutcliffe model efficiency of 0.45 at this particular site, indicating that the WEPP model performed less than perfectly here. So while the coupled model estimates of soil erosion were less than observations, they appear to be in line with other applications of the WEPP model to this site, especially considering that it was unable to simulate the annual changes in management practices.
[45] Since observed soil loss data for large-scale regions over an extended period were limited, the coupled modeling scheme predicted soil losses were also compared with an application of the full WEPP model (version 2006.5) . Because the WEPP model has been evaluated nationally against available observed data, it was assumed that if the coupled model results were comparable to those from the WEPP model, then no significant errors were introduced through the coupling process. And that the coupled model can be expected to predict reasonable soil losses at the scale of the VIC model, assuming it is applied in the manner recommended for the WEPP and WEPP-HE models.
Results and Discussion
[46] Annual average soil loss calculated using the coupled model system was compared to results computed using the WEPP and Coupled Model Predicted Average Annual (1975-1995) Soil Loss (t/ha) full WEPP model in Table 5 . Since the WEPP model only calculates soil loss for individual slopes, it was applied to the minimum, median, and maximum slopes at each site for each vegetation scenario. This provided a range of soil loss estimates from the WEPP model, which could be compared with the average soil loss predicted by the coupled model.
[47] Results from the coupled modeling scheme showed that soil losses at Waseca were higher than at Morris under the same vegetation cover except for cropland. Physically, this makes sense as Waseca is wetter (annual precipitation of 831 mm/year) than Morris (637 mm/year), and more precipitation is likely to generate more runoff, which in turn leads to greater soil loss from identical hillslopes. Soil losses for corn were greater at Morris, possibly due to the greater slope gradients, where the fall chisel plow management increased soil erodibility. Between the different vegetation types, cropland yielded the greatest amount of soil loss, followed by forest, and then grassland. For cropland areas, the ground is exposed to runoff during late autumn, winter, and early spring while the crop is not present or fully developed, making it prone to soil erosion during storm and snowmelt events. Grassland has denser ground cover year round, which protects the topsoil from detachment. Forest, represented as a deciduous broadleaf forest, has a dense canopy cover, but the ground between trees is still subject to raindrop and runoff forces though these will be reduced. This resulted in slightly higher soil loss rates than equivalent grasslands.
[48] The coupled modeling scheme simulated soil erosion rates were in general agreement with the WEPP model predicted results. Erosion from cropland was much higher than under the other two tested vegetation types. At both sites, the coupled model predicted erosion was closer to the WEPP estimates for the maximum slope than for the median slope. Under grassland cover, the coupled model predicted soil losses of 0.03-0.04 t/ha for both sites. These were within the range of WEPP model predicted values, but for the Waseca simulations the erosion estimate was closer to that of the minimum slope than for the median slope. Under forest cover, predicted soil losses from the coupled modeling scheme range from 0.054 to 0.146 t/ha. Both were also within the range of WEPP model predicted values and relatively close to the median slope estimates. Soil losses for cropland at both sites were greater than the median values of the WEPP model estimates but still within the range of those predicted by maximum slopes.
[49] A breakdown of erosion events provides more details on why soil loss was different between WEPP and the coupled model for cropland vegetation. Three of the wettest years, 1991-1993, were selected for this comparison. Hydrologic parameters used in erosion calculation including runoff depth, peak runoff rate, and effective rainfall intensity plus soil losses predicted by both models were compared (Figure 10 ). Both models used the same precipitation data so rainfall amounts were the same, but the two models calculate runoff and distribute precipitation differently. The coupled model tended to underestimate the magnitude of runoff and peak runoff rates for the largest erosion events estimated by the WEPP model (Figures 10a and 10b) . Effective rainfall intensities were comparable for both models (Figure 10c) , despite the fact that the hourly precipitation used by the VIC model would underestimate the peak storm intensity. The coupled model system predicted a greater number of storm events producing runoff than the WEPP model (Figure 10a) , even after the threshold of minimum saturated area was added to reduce runoff generated in the lowest topographic areas (section 3.2). When both models predicted runoff from the same storm, the magnitudes of soil loss were of the same order (Figure 10d ), but because the coupled model predicted more runoff events, its cumulative soil loss estimates (Figure 10e ) were greater than those from the WEPP model. It should also be noted that the coupled model captured more runoff events in early spring, which may result from the presence of thawing soils and snowmelt, and are a known weakness of the WEPP model (version 2006.5) used for these simulations.
[50] Soil erodibility adjustments for the median slope were compared for both the coupled model and the full WEPP model (Figure 11 ). The coupled model predicted interrill, rill, and shear stress adjustments that were generally in good agreement with seasonal patterns from the WEPP model parameters. Adjustments responded to changes in soil conditions through tillage in spring, plant growth (and ET) through the summer, and soil frost in winter. The largest differences in adjustments were for interrill and rill erodibility, which differed significantly from the full WEPP model in the winter months when soils were frozen. This was likely the cause for underprediction of soil loss in the coupled model when the soil was frozen.
[51] Differences in soil erosion estimates between the coupled model system and the full WEPP model can arise from several factors. (1) Though daily precipitation amounts are the same for both models, the methods used to generate runoff are different resulting in the VIC model simulating a greater number of runoff events than the WEPP model. This was partially resolved with the introduction of a minimum runoff threshold for erosion, but further work on this issue is required. (2) Peak runoff and effective rainfall intensities generated by the WEPP model were different from the coupled modeling scheme, which resulted in less erosion from many precipitation events. The duration of rainfall predicted by the WEPP model is not based on integer hours but on breakpoint intervals, whereas the coupled model is required to use whole hours because of the structure of the VIC model, which means it underestimates rainfall intensities and overestimates duration and, therefore, cannot generate an equivalent peak runoff rate. (3) Soil erodibility adjustment factors within the WEPP model are adjusted throughout the simulation due to changes in plant growth, root biomass, residue, and other factors that are either estimated externally to the coupled model or are relatively static within the model (e.g., monthly prescribed changes in vegetation). Such differences may have impacted soil erodibility adjustments and thus soil loss rates.
Summary and Conclusions
[52] Assessing the environmental impact of soil loss at large scales is important for regional management of natural resources and policy development. Current physically based erosion models, such as the WEPP model, have the ability to predict the spatial and temporal distribution of soil loss at the scale of field plots and small watersheds but are limited in their ability to be applied at larger scales where management and policy decisions are made. The coupling of a large-scale hydrology model and the WEPP hillslope erosion model provides a useful tool for soil erosion prediction at such scales. This study developed a mechanism to couple the VIC large-scale hydrology model and the stand-alone WEPP hillslope erosion model to estimate hillslope soil erosion and represent soil loss at large scales on a grid cell basis. As differences in temporal and spatial scales were significant, close attention was paid to them as part of the development of the coupling scheme. Daily precipitation was disaggregated into hourly storm event values. Hillslopes derived from 30 arc second DEMs were rescaled to represent 30 m hillslopes, which are acceptable for WEPP-HE applications. Finally, the large number of hillslopes within each VIC grid cell was subsampled using a stratified random sampling scheme to preserve the distributions of slope and vegetation within the grid cell while reducing the overall number of slope profile model simulations.
[53] The coupled model was evaluated at Morris, MN versus measured annual average soil losses. While the simulated results underpredicted annual soil losses, they were only 31% less than the observed data and consistent with other WEPP model applications at the site. The coupled model was then evaluated versus the full WEPP model, which is well developed and tested and filled the role of observations for this analysis, at two locations in Minnesota. Long-term hydrologic variable and soil loss comparison between the coupled model and the WEPP model suggested that the coupled model produced comparable soil loss despite underestimation of hydrologic outputs due to model differences. Three different vegetation types (cropland, forest, and prairie grassland) were tested at each site, and the average soil erosion for a VIC model grid cell was compared with erosion estimates from the full WEPP model applied to the minimum, median, and maximum slopes within the same grid cell. Coupled model estimates of annual soil loss fell mostly between the minimum and maximum slope erosion estimates from the full WEPP model simulations with cropland sites tending toward maximum slope values and the grassland and forest sites closer to the minimum slope values. On an event basis, the coupled model predicts erosion from more small storm events than the WEPP model but underestimates the larger events simulated by the WEPP model. When effective runoff and precipitation are the same between the models, soil loss estimates are very similar. This is supported by the fact that the soil erodibility adjustment factors were in good agreement between the models.
[54] Discrepancies in soil erosion estimates can be mostly attributed to differences in how the models estimate runoff, especially in the winter and spring, and the simplification of some of vegetation and soil erodibility parameters used by the coupled model. Most of these were related to the differences in winter and spring processes between the models, where we expect the VIC model to perform better. Since the focus of the study was to develop a mechanism to couple hydrology and erosion models to represent large-scale erosion, the fact that the coupled model was able to predict soil losses of similar magnitude to those from the WEPP model is sufficient to deem the resulting model a success. Future development will need to focus on addressing the transport of sediment from the VIC model grid cells into the stream channel and the in-stream transport of suspended sediment so that regional-scale water quality issues can be simulated and evaluated against observations.
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